There are 4 important steps in emotion recognition systems: physiologic records, emotion stimulation, online or offline recognition and stimulated emotions and emotion models.
Physiologic Records
Emotion status is reflected by physiological changes, which is why biological signals and images are recorded in order to recognize emotions. Some biological systems in the human body and their indexes are described as follows: 1-Cardiovascular system: electrocardiogram (ECG), heart rate variability (HRV), cardiac output, blood pressure, etc. 2-Respiratory system: respiration rate, etc. EEG signals due to their simplicity to analyze and good time and spatial resolution have become common and useful in most BCI applications such as emotion recognition. Also, EEG recording systems are cheap and accessible. Previous studies show that by recording and processing EEG signals we can achieve very good results in terms of emotion classification. So a decision was made to explain and review some previous studies related to emotion classification through EEG signals.
Emotion Stimulation
The way emotions are evoked plays an important role in emotion recognition systems. Some believe that video clips can stimulate human emotions the best while others find music or memories the most effective way. What is clear is that the stronger the stimulation is the richer the database will be. By using good and strong stimulation, emotion recognition is more likely to be performed with better results and higher accuracy. There are some types of stimulation as follow: pictures, 12-43 video clips, [44] [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [59] [60] music, [61] [62] [63] [64] [65] [66] [67] [68] [69] [70] [71] [72] [73] [74] [75] [76] memories, 77 self-induction, 78 ,80,81 environment elicitation like light, humidity and temperature, 79 games, 82 etc. Some ways of eliciting emotions and some induced emotions are listed in Table 1 .
Offline or Online Recognition
In some studies, emotion recognition on the spot is really important such as monitoring patients while taking medicine, so online methods are of importance in those applications. For example, Iacoviello et al 81 an effective, general and complete classification method for EEG signals was introduced. In this study, selfinduction was used as emotion elicitation. Wavelet transform (WT), principle component analysis (PCA) and support vector machine (SVM) were used to process and classify EEG signals. Also, Sourina et al 83 introduced an online emotion recognition study which used spatial time fractal to characterize brain states. A vital issue in online recognition systems is that processing methods must be fast and precise. Fractal transform is one of these methods that was used in several related studies. Sourina et al 86 determined brain responses using fractal transform following stimulation by music. Also they calculated Renyi entropy as well. Liu et al 55 calculated Higuchi's fractal dimension. They processed EEG signals while participants were listening to music.
The other type of emotion recognition systems is offline. For example, Zhang and Li 85 recognized positive and negative emotions using neuro fuzzy method offline. In this study, an unsupervised clustering method and adaptive neuro fuzzy inference system (ANFIS) were used. Clustering was used in early steps for creating primary information related to emotions. Emotions were elicited by International Affective Picture System (IAPS) 
Emotion Models
Another problem in emotion recognition studies is the number of elicited emotions and the emotion model. Some studies, according to discrete model of emotions, consider a specific number of emotions and others according to valence-arousal model suppose more emotions. For example, Murugappan et al 45, 48, 52 studied anger, fear, surprise, happiness emotions according to discrete emotion model, while Koelstra et al, 51 Koelstra and Patras, 53 and Hidalgo-Munoz et al 24 studied emotions according to the valence-arousal model.
Public Databases
There are some public emotion databases which can be used by researchers for free. The advantage of public databases is that researchers do not need any laboratory and specific recording systems, appropriate condition, shield environment, etc. Also, they do not need participants and they will have reliable and free databases. In this section, some available databases are described. journals.sbmu.ac.ir/Neuroscience http 2 separate sessions, in the first session video clips were displayed and participants immediately filled a questionnaire about their feelings after watching clips. In the second session, short videos and pictures were displayed once with right and wrong labels and once without labels. Their comments about their feelings were evaluated. Signals were recorded according to the 10-20 international standard system. For more details about this database refer to https://mahnob-db.eu/hci-tagging/. These databases have been used in several studies, Table 2 shows a brief description and references which have used biological signals in these databases so far.
Previous Emotion Studies Emotion and Normal Cases
In this section we review previous studies which evaluate emotions in normal individuals. Weinreich et al Hidalgo-Munoz et al 24 studied EEG signals of 26 females while watching emotional images from IAPS. This study considered emotions according to the valence-arousal model. In the processing step, they used spectral turbulence (ST), a method which was inspired by ECG studies. Results show that the left temporal lobe has considerable activity during emotion elicitation. Koelstra and Patras 53 recorded EEG signals from several participants according to the valence-arousal model. They showed video clips in order to evoke emotions. The details are described in section 1.5 and Table 2 . In this study, power spectral density of EEG sub-bands was calculated and active units (AU) were detected from face videos of participants. Then a combination of features was applied. Hidden Markov Model (HMM) and GentleBoost were used as the classifiers. Results showed that the combination of face videos and EEG signals improved the accuracy.
Lee et al 54 proposed an emotion recognition system based on fuzzy logic. They used video clips to elicit emotions and recorded EEG signals from 12 participants. They extracted dynamic features from emotional states and 3D fuzzy GIST and 3D fuzzy tensor to extract brain features in a semantic level. Independent component analysis (ICA) was used to remove artifacts. ANFIS was used to classify emotions, results showed the performance of the proposed method.
Haung et al 60 presented a multimodal approach to recognize emotions. In this study EEG signals from MAHNOB-HCI database were used. Discriminant power spectrum and difference power spectrum were extracted from EEG signals of 27 participants. Local binary patterns (LBP) were extracted from videos of participants' faces. Then fusion in features and decisions were applied. Finally, SVM and KNN were used as classifiers. Results showed that using multimodal data, gives better recognition results.
Bozhkov et al 31 90 examined cortical connectivity of autistic children while watching KDEF face pictures and compared them with normal children. EEG signals of 18 autistic children and 18 normal children were recorded during stimuli and then analyzed using theta coherence index (cortical connectivity index). This study showed that autistic children have deficiency in emotion recognition. Also, there was no theta coherence modulation while normal children had theta coherence modulation in the right frontal lobe in response to emotional faces. Theta coherence modulation in response to emotions is related to social deficiency of autistic children.
Schizophrenia can be detected by emotion stimulation. Brennan et al 89 examined this hypothesis by processing ERP signals. This study used international BRAINnet database, including 108 schizophrenic patients and 108 normal cases. All individuals watched emotional pictures including sadness, fear, anger, disgust and happiness and simultaneously ERPs were recorded in conscious and non-conscious conditions. Then significant differences among 2 groups were achieved through analysis of variance (ANOVA). Results showed that schizophrenic patients had shorter brain activity, about 70 ms. Also, schizophrenic patients in response to disgust had positive shifts after 70 ms and normal people had negative shifts in response to fear and anger in comparison with happiness in temporal-occipital regions.
Croft et al 95 detected emotion deficiency in Huntington's patients via ERPs. In this study, EEG signals from 11 Huntington's patients and 11 normal individuals were recorded while participants expressed emotions such as scramble, neutral, happiness, anger and disgust. Results showed lower accuracies for negative emotions such as disgust, neutral and anger due to decreased functionality.
Psychogenic non-epileptic seizures (PNES) are unknown among epileptic seizures. Recent studies showed that PNES patients have impairments in control of their emotions. Urbanek et al 94 evaluated this hypothesis. In this study, EEG signals from 56 patients and 68 normal individuals during emotion stimulation were recorded. Results demonstrated that these patients have weaker emotions, more negative feelings and stronger control on their emotions than normal people.
Tseng et al evaluated phase synchrony and EEG activation oscillation in Asperger syndrome (AS) patients while they were recognizing emotions from face images. 40 AS group included 10 individuals and the normal group consisted of 10 individuals. Emotions were stimulated by pictures. Results demonstrated that AS group had no determined N400 in response to pictures, also, they showed lower synchrony in temporal and parietal-occipital lobes at delta/theta and weaker phase synchronization in separate regions of brain.
Akar et al examined brain dynamics of major depressive disorder (MDD) patients during stimulation using positive and negative emotions. 72 They used music as stimulation. Three different situations including noisy environment, relaxation and listening to music were considered. EEG signals from 15 MDD patients and 15 normal people were recorded and analyzed using nonlinear methods. Some kinds of complexity measures such as Lempel-Ziv, Kolmogorov were calculated and then significant differences were evaluated by ANOVA measure. This study demonstrated that MDD patients have more complex EEG signals in parietal and frontal lobes comparing to normal people. Also EEG signals of these individuals had lower complexity in frontal and parietal lobes while listening to music compared to other situations.
Li et al evaluated large scale functional brain networks of depressed people and normal ones using graph theory. 34 Participants' emotions were elicited by Ekman pictures including positive, negative and neutral emotions. Simultaneously, EEG signals were recorded from 16 depressed and 14 normal participants. In this study, EEG signals were processed by extracting coherence in frequency bands such as delta, theta, alpha, beta and gamma. Results showed that for depressed participants total coherence values in gamma band were higher than normal people. Also, total coherence among normal participants for negative emotions was higher in gamma band. Moreover, there were abnormal networks in prefrontal and occipital lobes for depressed participants. Table 3 describes recent studies related to emotion recognition.
Conclusion
In this paper, we reviewed several emotion recognition studies from EEG signals. First, we stated some emotion 
